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The objective of this paper is to incorporate vehicle mix in stimulus-response car-following
models. Separate models were estimated for acceleration and deceleration responses to
account for vehicle mix via both movement state and vehicle type. For each model, three
sub-models were developed for different pairs of following vehicles including “automobile
following automobile,” “automobile following truck,” and “truck following automobile.”
The estimated model parameters were then validated against other data from a similar
region and roadway. The results indicated that drivers' behaviors were significantly
different among the different pairs of following vehicles. Also the magnitude of the esti-
mated parameters depends on the type of vehicle being driven and/or followed. These
results demonstrated the need to use separate models depending on movement state and
vehicle type. The differences in parameter estimates confirmed in this paper highlight
traffic safety and operational issues of mixed traffic operation on a single lane. The findings
of this paper can assist transportation professionals to improve traffic simulation models
used to evaluate the impact of different strategies on ameliorate safety and performance of
highways. In addition, driver response time lag estimates can be used in roadway design to
calculate important design parameters such as stopping sight distance on horizontal and
vertical curves for both automobiles and trucks.
© 2016 Periodical Offices of Chang'an University. Production and hosting by Elsevier B.V. on
behalf of Owner. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
A car-following model is a mathematical expressions that
emulate drivers' behavior following another vehicle in a single
lane. Studies on the car-following model started in the early
1950s (Pipes, 1953; Reuschel, 1950). Reuschel and Pipes were6; fax: þ971 2 586 0182.
S. Siuhi), mohamed.kasek
al Offices of Chang'an Un
'an University. Production
se (http://creativecommoindependently inspired by the vehicle separation law of the
California Vehicle Code, which states that “A good rule for
following another vehicle at a safe distance is to allow yourself
the length of a car (about fifteen feet) for every ten miles per
hour you are traveling.” They developed safe distance model
as a linear function of speed assuming that drivers reacted
instantaneously to the actions of a leading vehicle. Forbeso@unlv.edu (M. Kaseko).
iversity.
and hosting by Elsevier B.V. on behalf of Owner. This is an open
ns.org/licenses/by-nc-nd/4.0/).
Fig. 1 e Definitions and notations.
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time.
In 1958, researchers associated with the general motors
(GM) developed a series of five stimulus-response car-following
models. The concept of the GMmodels was similar to those of
Reuschel, Pipes, and Forbes but assumed that driver response
was a function of a stimulus and driver sensitivity. Stimulus
was defined as the relative speed between the two following
vehicles and driver sensitivity was assumed to be a function of
vehicle speed and spacing. Gazis et al. (1961) generalized the
models by further improving the driver sensitivity term. This
resulted in a nonlinear model that had the driver sensitivity
term proportional to the speed of the following vehicle and
inversely proportional to vehicle spacing.
Ozaki (1993) and Subramanian (1996) modified the GM
model by separating acceleration and deceleration responses.
Subramanian determined that drivers reacted faster under
acceleration response than deceleration response which is
counter intuitive. Deceleration is a response related to safety,
therefore, one would expect a faster response time. Ahmed
(1999) improved Subramanian's model by adding traffic
density in the sensitivity term and assumed nonlinearity in
the stimulus term. Similarly, Toledo (2003) re-estimated
parameters of Subramanian's model. For acceleration
response, results of both Ahmed and Toledo showed that
acceleration increased with speed and decreased with vehicle
spacing, which was unexpected. For the deceleration model,
they both removed speed from the models as it was
statistically insignificant. Having a deceleration model that
does not incorporate speed is unrealistic.
To address limitations of the generalized GM model
reviewed above, numerous studies have attempted to
improve the structure to reasonably replicate car-following
behavior (Alvarez et al., 2003; Bonsall et al., 2009; Brackstone
et al., 2009; Mehmood and Easa, 2010; Newell, 2002; Siuhi and
Kaseko, 2013; Wang et al., 2004; Winsum and Brouwer, 1997;
Xin et al., 2008). Other studies have attempted to improve car-
following particularly in modeling driving behavior, traffic
safety, and psychology (Dowling et al., 2004; Wang et al.,
2010a,b). Most recent studies have devoted effort and
emphasis to understand drivers' decision making while
following another vehicle in the same lane (Wang et al., 2011;
Winsum and Brouwer, 1997).
Drivers' decisionmaking of the subject vehicle following the
leader vehicle depends on many factors including vehicleseparation, differential speed, and characteristics of traffic
stream (Ranney, 1994; Winsum and Heino, 1996). Due to many
reasons, sometimes drivers make unconscious and/or unex-
pected responseswhicharenot responses related to theactions
of the leading vehicle (Siuhi, 2009; Siuhi and Kaseko, 2013). As a
result, emulating driving behavior on drivers' awareness under
different driving conditions stillmotivates researchers (Bonsall
et al., 2009; Sukthankar, 1997; Wang et al., 2010a,b).
In summary, existing GM-like stimulus-response car-
following models still have one major shortcoming; they fail
to account for vehicle mix. The models assume that drivers
have similar driving behavior regardless of the type of vehicle
being driven and/or followed, which is unrealistic. In reality,
drivers behave differently depending on type of vehicle being
followed and/or driven. For example, large trucks generally
block the ability of drivers of automobiles to see beyond them
due to their large dimensions. Thus, drivers of automobiles
traveling behind trucks may behave more differently than
when traveling behind other automobiles. Likewise, trucks
have low acceleration/deceleration capabilities than auto-
mobiles and try to compensate these limitations by keeping
longer vehicle separation than automobiles.
To address this shortcoming of the GM-like stimulus-
response car-following models, the objectives of this paper
were:
1. To develop and estimate a set of stimulus-response car-
following models that incorporate vehicle mix such as
automobiles and trucks. Models estimated were for accel-
eration and deceleration responses for different types of
vehicles being driven and/or followed,
2. To evaluate whether estimated model parameters were
different for different types of vehicles being driven and/or
followed, and
3. To evaluate spatial transferability of the estimated model
parameters.2. Generalized stimulus-response car-
following model
This paper uses the following definitions and notations in
describing the car-following models. Consider two following
vehicles traveling from left to right as shown schematically in
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vehicle n is a subject vehicle. The subscript t denotes the
time of observation of vehicle position, velocity, and
acceleration/deceleration.
In Fig. 1, xn1,t is the position of a leading vehicle n  1 at
time t, xn,t is the position of a subject vehicle n at time t,
_xn1;t is the speed of the leading vehicle n  1 at time t, _xn;t
is the speed of the subject vehicle n at time t, €xn;t is the
acceleration/deceleration of a subject vehicle n at time t,
€xn1;t is the acceleration/deceleration of a leading vehicle
n  1 at time t, [xn1,t  xn,t] is the spacing between the two
vehicles at time t, [xn1,t  xn,t  Ln1] is the separation
between two following vehicles at time t, Ln1 is the length
of the leading vehicle n  1.
The generalized form of the GM-like stimulus-response
car-following models (Gazis et al., 1961) is shown in Eq. (1).
€xn;t ¼ b0½ _xn;tDtb1 ½xn1;tDt  xn;tDt  Ln1b2 ½ _xn1;tDt  _xn;tDtb3 (1)
where Dt is the driver response time lag, _xn;tDt is the speed of
a subject vehicle n at time t  Dt, _xn1;tDt is the speed of a
leading vehicle n  1 at time t  Dt, ½ _xn1;tDt  _xn;tDt is the
relative speed between the two vehicles at time t Dt, xn1,tDt
is the position of the leading vehicle n  1 at time t  Dt, xn,tDt
is the position of the subject vehicle n at time t  Dt,
[xn1,tDt  xn,tDt  Ln1] is the vehicle separation at time
t  Dt, b0 is the driver sensitivity constant, b1 is the speed
parameter, b2 is the relative speed parameter, b3 is the vehicle
separation parameter.
The parameters of the model are estimated for accelera-
tion and deceleration response based on Eq. (2) (Siuhi and
Kaseko, 2013).
Responsen;t ¼
8<
:
acceleration ½ _xn1;tDt1  _xn;tDt1   z1
deceleration

_xn1;tDt2  _xn;tDt2
  z2
no response otherwise
(2)
where Dt1 is the driver response time lag for acceleration, Dt2
is the driver response time lag for deceleration, z1 is the
stimulus threshold for acceleration, z1 > 0, z2 is the stimulus
threshold for deceleration, z2 < 0.
Themodels estimated in this paper are the extension of the
model developed by Siuhi and Kaseko (2013) but have three
significant contributions as follows:
 Incorporates vehicle and driver heterogeneity in the ac-
celeration and deceleration models by estimating different
sub-models by type of vehicle being followed and/or
driven. Sub-models were estimated for “automobile
following automobile,” “automobile following truck,” and
“truck following automobile”.
 Estimates parameters for acceleration and deceleration
responses separately, obtain distribution of parameters,
and aggregate results across different pairs of vehicle
following types, and
 Evaluates spatial transferability of the parameters to
highways with similar geometric and traffic characteristics
in the same region.
The parameters bj in Eq. (1) are expected vary for different
drivers due to the differences in aggressiveness andcapabilities of individual driver. The variation is also
attributed to the difficulty of drivers to precisely estimate
differential speed and distance with the leading vehicle.
Furthermore, magnitude of the parameters is expected to be
different fordifferentvehicle types (automobilesversus trucks).
Driver response time lags for both acceleration and decel-
eration responses were assumed to be different based on
asymmetric microscopic driving behavior reported in past
studies (Edie, 1965; Foote, 1965; Forbes, 1963; Yeo, 2008; Yeo
and Skabardonis, 2009). The thresholds were also assumed to
be different for different drivers, and also for the same driver,
the magnitudes of z1 and z2 can be different. This assumption
is based on the findings of Todosiev (1963) who found that
positive response threshold is greater than the negative
response threshold for a given vehicle separation. Similarly,
Michaels (1965) also found that the distance for detecting a
slower leading vehicle is smaller compared to the one for
detecting a faster leading vehicle. These findings suggest
that drivers are more sensitive under deceleration response
than acceleration response. Thresholds, however, are likely
to be a function of speed and vehicle separation. At slower
speeds and smaller vehicle separations, threshold may be
smaller than the thresholds at higher speeds and larger
vehicle separations. This paper simplified the models by
determining one value of threshold that is independent of
these factors but the value is different for acceleration and
deceleration responses.
For acceleration response, the larger positive relative speed,
the larger themagnitude of the expected acceleration value for
a following vehicle. Hence, the sign of the relative speed
parameter b3 is expected to be positive. It is also hypothesized
that drivers are less aggressive when accelerating from a
higher speed than from a lower speed, and also vehicle accel-
eration capabilities are lower at higher speeds. Therefore, the
magnitude of the acceleration response is expected to be lower
at higher speeds. This suggests that the expected sign for speed
parameter b1 is negative. Equally, the magnitude of the accel-
eration value is expected to be higher for bigger vehicle sepa-
ration than for smaller separation between following vehicles.
Hence, the sign of the vehicle separation parameter b2 for ac-
celeration response is expected to be positive.
For deceleration response, it is expected that the larger the
negative relative speed, the larger the magnitude of the
deceleration response for a following vehicle. Hence, the sign
of the relative speed parameter b3 is expected to be positive. It
is also hypothesized that for safety reasons, drivers will
respond with higher deceleration rates at higher speeds than
at lower speeds. This suggests that the expected sign for the
speed parameter b1 is positive. For similar reasons, when the
vehicle separation is smaller, the magnitude of deceleration
response is expected to be higher. Therefore, the expected
sign of vehicle separation parameter b2 is negative.
Table 1 presents a summary of the expected signs of the
parameters for acceleration and deceleration responses
shown in Eq. (1).
2.1. Parameters estimation approach
This study estimated the parameters of the models in two
stages. The first stage estimated the disaggregate parameters
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mated the aggregate parameters for all vehicles selected in
this research. The equations of the proposed models in this
research were nonlinear in parameters. The disaggregate pa-
rameters of the models for each individual vehicles were
estimated using nonlinear least squares regression. The
models proposed can be rewritten in general form as
fðxn;tÞ ¼ fðb;Xn;tDtÞ þ utDt t ¼ 1;2;/; p (3)
where f(xn,t) is the acceleration/deceleration of the subject
vehicle at time t, b is the k-vector of unknown parameters,
Xn,tDt is the vector of explanatory variables of the subject
vehicle at time t  Dt, utDt is the error term at time t  Dt, p is
the number of observations.
The error term accounts for the unobserved factors and for
estimation purpose it is assumed to be normally identically
distributed random variable with mean zero and
constant variance i.e. utDt  NIDð0;s2Þ;EðutDtÞ ¼ 0; and
VarðutDtÞ ¼ s2.
In a nonlinear model the unknown parameters of the
models are estimated by maximizing log likelihood function.
The log likelihood function for the nonlinear regression
equation is defined as
[

b;s2
 ¼ 1
ð2ps2Þn=2
e
8><
>:

Pp
t¼1 ½fðxn;tÞfðb;Xn;tDtÞ2
2s2
9>=
>;
(4)
The log likelihood is maximized when the sum of squared
residuals, S(b) is minimized.
SðbÞ ¼
Xp
t¼1
½fðxn;tÞ  fðb;Xn;tDtÞ2 (5)
Differentiating the objective function, S(b) with respect to b
and equating it to zero yields:
vSðbÞ
vb
¼ 2
Xp
t¼1
½fðxn;tÞ  fðb;Xn;tDtÞ vfðb;Xn;tDtÞ
vb
¼ 0 (6)
Setting the partial derivatives to zero produces equations
for estimating the parameters of the regression equation. The
equations formed do not have closed form solution, thus, they
require solution by the numerical optimization method. This
study used the Stata program to estimate parameters of the
models. The Stata implements a modified Gauss-Newton
method in estimating parameters of the models (Baum, 2006).
The parameters were estimated using nonlinear least squares
command nl implemented in the Stata program.Table 1 e Expected parameter signs.
Parameter Acceleration
response
Deceleration
response
Speed parameter b1 Negative Positive
Separation parameter
b2
Positive Negative
Relative speed
parameter b3
Positive PositiveThis paper used vehicle trajectory data collected by the
Federal Highway Administration (FHWA) as part of the next
generation simulation (NGSIM) study (NGSIM, 2008) to
calibrate the models. The data contains 45 min of detailed
vehicle trajectory data collected on a 2100-feet southbound
section of Interstate 101 in Los Angeles, California, on a
weekday from 7:50e8:35 a.m. The section has five through
lanes and one auxiliary lane. The auxiliary lane is
approximately 698 feet long. The data was collected using
eight synchronized digital video cameras installed on an
adjacent 36-storey building. A full detailed description of
technology and methodology used to collect and process the
data are available at the NGSIM website at http://ngsim.
fhwa.dot.gov/.
To minimize the random fluctuations of the instantaneous
trajectory data, this data was further filtered by taking the
moving averages for each of the variables over 0.5 s. The
problem of using unfiltered data was also observed and re-
ported by Treiber and Kesting (2008). The following criteria
were used to select vehicles for this study:
 Only pairs of vehicles that were following each other over
the entire section without changing lanes and without
being interrupted by another vehicle were selected. The
rationale for excluding vehicles that change lanes was
based on the assumption that drivers when changing lanes
may exhibit different characteristics from those of simple
car-following behavior.
 Only vehicles that traveled in the middle three through
lanes were selected in order to avoid the impact of weaving
movements on the auxiliary and the right-most lanes as
well as the left-most lane, which is a high-occupancy
vehicle (HOV) lane.
Table 2 summarizes simple descriptive statistics of
variables used to estimate model parameters for different
pairs of following vehicles. In most car-following scenarios
shown in the table, these statistics show the expected
magnitude. For example trucks following automobiles have
higher mean vehicle separation values than automobiles
following automobiles and automobiles following trucks.
However, the mean acceleration values are higher than the
deceleration value, which is unexpected.
This paper assumed that the parameters bj varied for
different drivers. The variations were attributed to random
aggressiveness and capabilities of individual drivers
responding to various car-following situations. Vehicle tra-
jectory data for each individual vehicle was used to calibrate
the acceleration and deceleration sub-models for the vehicle.
This resulted in as many different bj parameters as the num-
ber of vehicle pairs selected. Individual parameter values for
the group of vehicles in each sub-model category were
aggregated to obtain mean parameter values and standard
deviations that were representative of all the vehicles.
It is clear that the parameters are interrelated and cannot
be estimated independently. It is worthwhile mentioning that
measurement taken over time, such as vehicle trajectory, is
generally serially correlated. This violates the homo-
skedasticity assumption of the error term. The error term in
such trajectory data will exhibit heteroskedasticity which
Table 2 e Variable descriptive statistics.
Variable Mean Std Minimum Maximum
Automobile following automobile (n ¼ 75)
Acceleration (m/s2) 0.62 0.55 0.02 3.36
Deceleration (m/s2) 0.58 0.55 0.02 3.35
Positive relative speed (kph) 3.14 2.80 0.00 23.26
Negative relative speed
(kph)
2.98 2.67 0.00 28.82
Speed (kph) 26.39 13.10 0.00 74.30
Vehicle separation (m) 14.22 7.44 0.24 72.25
Automobile following truck (n ¼ 25)
Acceleration (m/s2) 0.62 0.54 0.02 2.93
Deceleration (m/s2) 0.42 0.44 0.02 2.74
Positive relative speed (kph) 3.15 2.69 0.00 3.38
Negative relative speed
(kph)
2.86 2.66 0.00 26.22
Speed (kph) 32.32 13.79 0.00 71.47
Vehicle separation (m) 15.17 8.48 0.58 45.84
Truck following automobile (n ¼ 32)
Acceleration (m/s2) 0.61 0.536 0.02 2.76
Deceleration (m/s2) 0.48 0.510 0.02 2.85
Positive relative speed (kph) 6.10 6.23 0.00 51.89
Negative relative speed
(kph)
3.99 3.60 0.00 33.52
Speed (kph) 33.55 13.79 0.00 72.90
Vehicle separation (m) 20.25 10.87 2.40 58.41
j o u r n a l o f t r a ffi c and t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 6 ; 3 ( 3 ) : 2 2 6e2 3 5230inflates test statistics used for making inferences and hy-
pothesis testing of parameters. This paper used non-linear
least squares regression with robust standard errors to esti-
mate the parameters ignoring the effect of serial correlation.
Estimating overall parameters for a group of drivers does not
pose this issue and the statistical framework may be suitable
to statistically evaluate the estimates.2.2. Estimation of driver response time lags
The driver response time lag is defined as the time difference
between the occurrence of the stimulus and the time a driver
initiates a response. In this study, this time lag was estimated
together with other parameters including speed, relative
speed, and vehicle separation. In other words, driver response
time lag was estimated simultaneously when estimating
other parameters of themodels. This was done by running the
models in Eq. (1) for different time lags using Stata statistical
software. The driver response time lag is the time lag that
produces the best fitting statistical model at 5% significance
level as measured by adjusted R2.Table 3 e State of the stimulus.
Response Negative Zero Positive
Acceleration Unexpected Unexpected Expected
Constant speed Unexpected Expected Unexpected
Deceleration Expected Unexpected Unexpected2.3. Estimation of driver stimulus response thresholds
Driver response threshold is defined as the minimum differ-
ence in speed detectable by a following driver that will trigger
a response. This threshold is likely to be different depending
on whether the response is deceleration or acceleration. As
previously discussed, a lower magnitude of the threshold was
expected for deceleration response than for acceleration
response. The thresholds are likely to be dependent also on
the speed and vehicle separation, particularly during uncon-
gested traffic conditions because of significant variations in
speed and separation. This study calibrated the thresholdsindependent of these factors because during congested traffic
conditions there are minimal variations in vehicle speed and
separation that would cause significant differences in
parameter estimates.
This paper determined stimulus thresholds using signal
detection theory (SDT). The SDT theory has been used widely
in situationswith two ormore discrete states which cannot be
easily discriminated (Wickens and Hollands, 2000). For car-
following situations, a driver is normally faced with three
possible scenarios of the stimulus, namely, positive relative
speed, zero relative speed, and negative relative speed. A
driver is expected to respond by accelerating when faced
with positive stimulus, to drive at a constant speed when
the stimulus is too small to detect, and decelerate when
faced with a negative stimulus. The combination of state of
the stimulus and three possible responses is shown in
Tables 3 and 4. However, since the stimulus may be too
small to be detected, or for other reasons, unexpected
responses may occur, therefore, field data show
observations in all the six cells of Tables 3 and 4. The table
shows frequency of responses of a selected driver in the
dataset used in this paper for different levels of stimulus.
For example, the table shows that the driver was faced with
41 situations when the relative speed was 3.2 kph. In 32 of
those situations, the driver decelerated, which is expected.
However, in 15 of those situations the driver remained in
constant speed or accelerated, which were unexpected
responses.
Fig. 2 is a plot of the data in Table 4 expressed as
proportions. Based on SDT theory, the threshold value for
acceleration (z1) and for deceleration (z2) are the points
where the driver made equal numbers of expected and
unexpected responses. These thresholds delimit the
acceleration, no-response, and deceleration responses for
the driver. For the selected driver in the dataset, the
threshold for the acceleration response was 1.8 kph
(1.1 mph) and for deceleration the response was 2.2 kph
(1.4 mph).3. Parameter estimates
Table 5 presents the estimated parameter estimates and
shows comparative statistics between acceleration and
deceleration values for three pairs of following vehicles
patterns.
3.1. Model validation approach
The aim of validating the models is to determine whether the
estimated parameters can be transferred to other sites with
relatively comparable geometric and traffic characteristics.
Table 4 e Stimulus-response of an actual driver in the dataset.
Response Stimulus (kph)
4.3 3.2 2.2 1.1 0 1.1 2.2 3.2 4.3 4.3
Acceleration 0 6 18 27 65 60 41 35 44 35
Constant speed 0 9 22 39 63 38 21 2 1 0
Deceleration 26 32 47 47 66 38 12 4 0 0
Total responses 26 47 87 113 192 136 74 41 45 35
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field data but was collected on a different roadway. The data
was collected from a segment of Interstate 80 in Emeryville,
San Francisco, California. Similarly, this dataset was also
collected as part of the FHWA's next generation simulation
(NGSIM) project (NGSIM, 2008). A full detailed description of
technology and methodology used to collect and process the
data are available at the NGSIM website at http://ngsim.
fhwa.dot.gov/.
Table 6 summarizes the validation results of statistics for
corresponding car-following sub-models calibrated in this
paper. Statistics for assessing validation performance of
model estimates include Root Mean Square Error (RMSE) and
Theil inequality coefficients (U) (Theil, 1966). The U statistic
also provides additional information of its main statistic
factors such as difference in mean (Um), difference in
variability(Us), and lack of correlation(Uc). The table also
contains the range of the recommended thresholds by
Hourdakis et al. (2003) for calibrating and validating
microscopic traffic simulation models. Overall, the results
indicate that the models can be transferred to another site
with relatively comparable geometric and traffic
characteristics and reasonably emulate observed drivers'
car-following behavior.
3.2. Discussions of parameter estimates
The sections discusses in detail the estimated model param-
eters including driver response time lags, stimulus thresholds,
driver sensitivity constant, as well as speed, relative speed,
and vehicle separation parameters.Fig. 2 e Distributions of expected and unexpected
responses of an actual driver.3.2.1. Driver response time lags
The results indicate that the average driver response time lags
for deceleration response are lower than that for acceleration
response for all movement states and vehicle types. These
results are in agreement with intuitive expectation. It shows
that drivers have lower response time lag when responding to
a decelerating leading vehicle than when responding to an
accelerating leading vehicle. This makes sense since a driver
has to respond faster to a decelerating leading vehicle to avoid
potential rear-end collisions. In addition, drivers' response to a
decelerating vehicle may further be aided by the activation of
brake lights of a leading vehicle that is braking.
The results also indicate similar driver response time lags
regardless of type of vehicle being driven and/or followed. The
results are intuitive due to the fact that data used were
collected under congested traffic conditions where drivers
usually maintain smaller separation and are more alert and
cautious because of safety reasons.
3.2.2. Stimulus response thresholds
The results in Table 4 show that the magnitudes of the
thresholds to detect negative stimulus are lower than the
thresholds for detecting positive stimulus. These findings
are in agreement with intuitive expectation that drivers, for
safety reasons, are expected to be more aggressive when
responding to a decelerating leading vehicle than an
accelerating vehicle. A deceleration response is generally
applied due to the need to maintain the minimum safety
distance to avoid the potential rear-end collisions. On the
other hand, drivers accelerate for the purpose of attaining
their desired maximum speeds, which is a less critical and
urgent need than deceleration response. These results are in
line with those obtained by Todosiev (1963) and Michaels
(1965). The threshold values, however, are lower than the
ones reported by Evans and Rothery (1974) who found that
under optimal driving conditions in a field, the lowest
perceptible closing relative speed was 3.0 mph (4.8 kph) with
a probability of 0.99 of correct detection at 197 ft (60 m) over
an observation period of 4.0 s. This difference could be due
to the fact that individual differences in ability to detect
motion are large and dependent on vehicle speed and
separation. However, for automobiles traveling behind
trucks, the mean difference between acceleration response
and deceleration response are insignificant. This finding can
be attributed to the inability of drivers of automobiles to see
vehicles immediately in front of trucks because of limited
visibility. Similar to what is observed for response time lags,
the mean response threshold values between different
vehicle types are not statistically different.
Table 5 e Parameter estimates and comparison statistics.
Model Acceleration
response
Deceleration
response
Comparison statistics
Parameter Mean Std dev. Mean Std dev. Mean diff. Pooled Std dev. p-value
Automobile following automobile (n ¼ 75)
Driver response time lag (s) 0.800 0.260 0.700 0.180 0.100 0.220 0.025
Stimulus threshold (kph) 2.080 1.030 1.540 0.900 0.530 0.965 0.001
Driver sensitivity b0 1.839 3.247 3.247 4.808 5.086 4.113 0.000
Speed b1 0.961 1.062 1.298 1.379 2.259 1.234 0.000
Vehicle separation b2 0.737 0.501 1.544 1.216 2.281 1.018 0.000
Relative speed b3 0.667 0.507 1.243 0.617 0.576 0.523 0.000
Automobile following truck (n ¼ 25)
Driver response time lag (s) 0.820 0.250 0.680 0.140 0.140 0.280 0.016
Stimulus threshold (kph) 2.000 0.920 1.660 1.050 0.340 1.000 0.210*
Driver sensitivity b0 0.906 0.242 1.161 0.769 2.067 0.571 0.120*
Speed b1 1.012 1.066 1.766 1.681 2.778 1.368 0.000
Vehicle separation b2 0.746 0.943 1.975 1.599 2.729 1.289 0.000
Relative speed b3 0.778 0.613 1.226 0.914 0.262 0.784 0.084
Truck following automobile (n ¼ 32)
Driver response time lag (s) 0.780 0.200 0.670 0.150 0.110 0.170 0.040
Stimulus threshold (kph) 2.140 1.240 1.710 0.870 0.430 1.050 0.058
Driver sensitivity b0 1.492 1.583 1.224 1.000 2.716 8.297 0.026
Speed b1 1.447 2.113 2.329 3.991 3.776 3.205 0.000
Vehicle separation b2 0.672 1.453 2.352 2.895 3.024 2.294 0.000
Relative speed b3 0.844 0.851 1.490 1.458 0.646 1.202 0.054
Note: * indicating the difference in mean values is not statistically significant.
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The results in Table 5 indicate that the average driver
sensitivity constant values are higher for deceleration
response than for acceleration response. Similarly, the
results confirm the expectation that drivers are likely to be
more sensitive to deceleration response than to acceleration
response because of safety concerns and activation of brake
lights of the leading vehicle that is braking. The results for
trucks traveling behind automobiles have a higher driver
sensitivity constant for acceleration response than
deceleration response, which was unexpected. This could be
associated with the fact that trucks generally require a
longer stopping distance and have lower acceleration
capability compared to automobiles. However, there is no
statistical difference in the driver sensitivity constant for
automobiles traveling behind trucks. This could be due to
the reasons similar to the stated above for the stimulus
thresholds.
Comparison of the difference in means for different pairs
of following vehicles indicated an insignificant difference inTable 6 e Validation results and recommended thresholds.
Sub-model Response model
Automobile following automobile Acceleration
Deceleration
Automobile following truck Acceleration
Deceleration
Truck following automobile Acceleration
Deceleration
Recommended thresholds (Hourdakis et al., 2003)the mean values of the driver sensitivity constant. For the
deceleration response, the results showed that automobiles
traveling behind other automobiles have significantly higher
mean values than other pairs of following vehicles under
similar conditions of vehicle speed, vehicle separation, and
stimulus.
3.2.4. Speed parameter, b1
For the speed parameter, both the magnitude and the sign of
the parameter are important. From Table 5, the sign for
acceleration response is negative, whereas it is positive for
deceleration. This implies that the higher the speed of the
automobile the higher the magnitude of the response to
deceleration and the lower its acceleration response will be.
These results are logical, since one would expect that a
driver already traveling at a high speed has less incentive to
accelerate further but has to be more aggressive in
responding to a decelerating leading vehicle for safety
reasons. Another reason for this observation is that vehicles
have lower acceleration capability at higher speeds.Statistics for assessing validation performance
RMSE U Um Us Uc
7.778 0.430 0.230 0.069 0.700
9.401 0.460 0.217 0.121 0.661
6.048 0.378 0.057 0.055 0.887
4.318 0.403 0.021 0.045 0.934
3.942 0.440 0.096 0.008 0.895
7.928 0.434 0.155 0.193 0.651
<15% <0.3 0.1 0.1 0.9
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indicates a higher magnitude of the response. The
magnitudes of the parameter are also intuitive as they
indicate a more aggressive (higher magnitude) response for
deceleration than for acceleration.
Comparing the parameter values across vehicle types, it
was observed that the magnitudes of the responses were
higher for “truck following automobile.” For the deceleration
response, the results indicated that truck traveling behind
automobiles had significantly highermean values of the speed
parameter than automobiles. This is an intuitive result
because large trucks are heavier and require longer stopping
and lane changing distances than automobiles. Therefore,
drivers of trucks are likely to be more sensitive to speed when
they are required to decelerate compared to drivers of
automobiles.
3.2.5. Vehicle separation parameter, b2
Both the sign and magnitude of the vehicle separation
parameter are important. As shown in Table 5, the sign for
acceleration response is positive while for the deceleration
response is negative. A positive value indicates that the
larger the vehicle separation is, the higher the magnitude of
the response is and vice versa. Thus, the negative values for
deceleration response indicate that the larger the vehicle
separation is, the lower the magnitude of the deceleration
response will be. This is intuitive since there is a lower
sense of urgency to decelerate when the vehicle separation
is large, while the opposite is true for smaller vehicle
separation. On the other hand, the parameter for
acceleration response is negative, indicating that the larger
the vehicle separation is, the larger the magnitude of the
acceleration response will be.
The results further indicated that the magnitude of vehicle
separation parameter is higher for deceleration response than
for acceleration response. As expected, the signs obtained for
this parameter were intuitive, with the positive sign for the
acceleration response indicating that drivers have higher
magnitudes of acceleration response when vehicle separation
is bigger and lower when vehicle separation is smaller. On the
contrary, the negative sign for the deceleration response
indicated that drivers apply higher magnitudes of decelera-
tion response when vehicle separation is smaller and lower
when vehicle separation is larger. On average, trucks traveling
behind automobiles have higher magnitudes of the vehicle
separation parameter value compared to automobiles.
For the acceleration response, comparisons of the differ-
ences in mean values between different vehicle types indi-
cated insignificant differences. For the deceleration response,
results showed that large trucks traveling behind automobiles
have a significantly higher mean parameter value than auto-
mobiles. The results are intuitive because, generally, drivers of
trucks are aware of their performance limitations compared
to drivers of automobiles.
3.2.6. Relative speed parameter, b3
For the relative speed parameter, both the sign and magnitude
are important. A positive value indicated that the bigger the
relative speed is, the higher the magnitude of the response for
both acceleration and deceleration responses are and viceversa. Similarly, the results in Table 5 indicated that the mean
values of the parameter for relative speed were higher for
deceleration response than for acceleration response. As
expected, the parameter was positive for both the
acceleration and deceleration responses. This means that the
bigger the magnitude of relative speed the bigger the
magnitude of response, regardless of whether it was
acceleration or deceleration response. In addition, the
average magnitude of the parameter values for the
deceleration response was higher than acceleration response.
This difference in the magnitudes of the parameter
confirmed that drivers are more likely to respond with higher
magnitude when decelerating than when accelerating.
When comparing parameter values between different
types of pairs of following vehicles, the results indicated
insignificant differences in the mean values. This implies that
drivers are equally sensitive to relative speed regardless of
vehicle type being followed and/or driven.4. Summary and conclusions
This paper incorporated vehiclemix in stimulus-response car-
following models by estimating parameters of different pairs
of following vehicles including automobile following auto-
mobile, automobile following truck, and truck following
automobile. The paper used data collected on Interstate 101 in
California to statistically estimate parameters of models for
acceleration/deceleration to account for vehicle mix via both
movement state and vehicle type. The estimated model pa-
rameters were then validated using trajectory data collected
on Interstate 80 in the same region. Overall, the results
demonstrated the need to use separate models depending on
movement state and vehicle type being driven and/or fol-
lowed. The results showed that drivers' acceleration and
deceleration responses were significantly different for
different pairs of following vehicles. The major findings are
summarized below:
1. Driver response is different for different movement states
and vehicle types. Under similar state of stimulus, drivers
of automobiles respondwith higher acceleration rates than
drivers of trucks, whereas, drivers of trucks respond with
higher deceleration rates than drivers of automobiles. It
appears that drivers of trucks are more safety conscious
and respond more aggressively under deceleration
response.
2. Automobile drivers respond more aggressively when
traveling behind automobiles than when traveling behind
trucks. This could be related to the fact that trucks block
visibility of drivers of automobiles traveling behind them
due to their large dimensions compared to automobiles. As
a result, trucks limit the ability of automobile drivers
traveling behind them to see trucks beyond.
3. Model validation results indicated that the models were
able to emulate the field observed drivers' behavior
reasonably. Based on these results, the models demon-
strated the potential to be spatially transferrable to road-
ways from a similar region with comparable geometric and
traffic operating conditions.
j o u r n a l o f t r a ffi c and t r an s p o r t a t i o n e n g i n e e r i n g ( e n g l i s h e d i t i o n ) 2 0 1 6 ; 3 ( 3 ) : 2 2 6e2 3 5234Thefindingsof this paper contribute to theunderstanding of
drivers' car-followingbehavioronmixed trafficoperations.This
knowledge will be useful in incorporating the performance of
different vehicle types for the purpose of improving the accu-
racy of car-following models used in traffic simulations. Ulti-
mately, these parameter estimates would be used in traffic
simulation models to improve on current performance as-
sumptions to existing car-following equations. To that end, this
will assist transportation professionals to model more accu-
rately the impacts of existing/proposed policies and strategies
to improve traffic performance onhighways. The differences in
parameter estimates found in this paper also highlight safety
and operational concerns ofmixed traffic operation on a single
lane. Additionally, estimated drivers' response time lags can be
used in roadway design in calculating important design pa-
rameters such as stopping sight distance on horizontal and
vertical curves for different vehicle types.
The family of the models developed in this study incorpo-
rated vehicle mix in the existing stimulus-response car-
followingmodels for theobserveddriver car-followingbehavior
in congested freeway traffic conditions. Due to data limitations,
however, this study did not estimate a model for “truck
following large truck” pattern. Drivers' behavior for such situ-
ations may be significantly different from other pairs of
following vehicles calibrated in this study. Moreover, data used
in this study were collected on a segment with adjacent
weavingsection.Drivers'behavior invicinityofweaving section
may bedifferent from their behavior in basic freeway segments
that are reasonably far from diverging and merging areas.r e f e r e n c e s
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